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Abstract
Nowadays financial products are extremely complex and the decision to choose among 
them could represent a stressful event for individuals. Information related to the risk/return 
profile of an investment instrument and the way it is represented (framing effect) are cru-
cial in determining the outcome of individuals’ decisions. In this paper we consider two 
schemes that can be employed to represent the random performances of risky financial 
products, namely the what if and probabilistic scenarios frames. This paper aims at meas-
uring the impact of the two above mentioned schemes on investors’ decision accuracy and 
peripheral nervous system activity. In particular, the goal is twofold: (1) to investigate the 
behavioural and physiological indexes elicited in the decision-making process of investors 
who have to choose on the basis of the two different schemes; (2) to investigate on the 
effect of time pressure when probabilistic scenarios or what if frames are used. The first 
point is investigated by means of a decision making task, while the second one by means of 
a perceptual one.
Keywords Decision making · Probabilistic scenarios · What if · Framing effect
1 Introduction
Financial markets are becoming more and more complex at the expense of disclosure. 
Retail investors, because of their poor financial literacy, suffer from such complexity and 
are often forced to trust intermediaries’ advices. In most cases, securities are not presented 
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clearly to potential buyers and are accompanied by prospectuses designed to steer inves-
tors’ choices in particular directions, which are not always the most rational ones. Fur-
thermore, financial assets are often presented as simple and very profitable, despite their 
complexity. This excessive complexity often leads investors to make their decisions in a 
stressful environment and under time pressure since stakes are high and the consequences 
of wrong choices can be particularly critical.
Recent behavioral evidence suggests that stress potentiates decision biases because 
heuristics may dominate over deliberate processes in decision making under uncertainty 
(Yu 2016). Stress is thought to trigger riskier decisions (Pabst et al. 2013) but the way the 
object of the decision is presented is pivotal. In fact, stress enhances a preference for safer 
decisions in gain-domain frames and enhances a preference for risky decisions in loss-
domain ones (Porcelli and Delgado 2009; for a review see Porcelli and Delgado 2017). 
Generally, stress is associated to the employment of dysfunctional strategies (Baradell 
and Klein 1993), lowered self-control (Maier et al. 2015), altered feedback processing and 
enhanced reward sensitivity (Gray 1999; for a review see Starcke and Brand 2012).
Some anomalies in investors’ behavior highlighted the weakness of both the rational and 
homogeneous assumptions underlying classical financial theory. Indeed, a series of behav-
ioral and experimental researches show that risk preferences and financial decisions are 
extremely sensitive to framing, that is the way financial information is represented (Tversky 
and Kahneman 1986). In the light of the framing effect, different representations (descrip-
tions) of identical problems can results in different choices. Recent researches reveal the 
influence of framing manipulation, as well as interactions between framing and regulatory 
focus. The evidence has generated an active debate on how financial information can be 
best presented and brought to consumers, in order to facilitate rational choices. Research-
ers have made an attempt to understand and explain the investment style and preferences 
of individual investors and other market characteristics from a descriptive stand point to 
bridge the gap between theories grounded on the rationality hypothesis and practice (Gupta 
and Murray 2003; Fischer 1989).
Over the years, several studies identified the framing effect in financial contexts. Ber-
trand et al. (2010) offered to South African consumers different lending documents with 
different features such as comparison to competitors, interest rates, images and suggestions 
on how use the loan. Estimating the demand sensitivity to all these factors, authors found 
that advertising has a positive effect on loan underwriting, although it does not influence 
the amount demanded. Therefore, simply working on non-informative aspects without 
improving the quality of the loans (for instance interest rate and costs), financial intermedi-
aries can significantly increase the demand for loans. Moreover, the presence of distractors 
in financial prospectuses, like advertisements and colorful texts (Hillenbrand and Schm-
elzer 2017), lead investors to absorb less characterizing information. Authors find a null 
effect of past experiences in assessing the characteristics of a given product because indi-
viduals seem to repeatedly miss the same essential information, leading to a constant over-
valuation of the securities. Each evaluation involves a stimulus influencing the response to 
another stimulus generating an implicit process in memory, the so called priming effect. 
Visual priming impacts on the evaluation process by displaying more noticeable attributes 
and improving individuals’ awareness.
The relation between visual priming of investment disclosure and the level of finan-
cial knowledge is showed by Wang (2009). Surprisingly, financial literacy level is not cor-
related with the impact of visual priming effect. However, more knowledgeable investors 
handle data effortlessly and delineate a global picture of the financial instrument. In close 
relationship with financial investments, it is crucial to understand how concepts such as 
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expected return and risk are presented to retail investors and the consequent effects on 
decision making processes. An empirical study about the impact of representation of risky 
products on preferences provided interesting results (Cox et  al. 2006). Representing the 
idea of risk as likelihood of losses and not as variance of potential outcomes, respondents 
do not show risk-seeking behaviors among loss framed participants and, in particular, these 
subjects exhibit an aversion to risky products. As a result, authors introduce the so-called 
valence congruity theory and, in particular, risk discrimination theory. The latter suggests 
that when a gain framed message is proposed, agents distinguish more clearly between 
important and less important risks: they ignore minor or temporary dangers, focusing their 
analysis on permanent ones. Recently, Vlaev et al. (2008) asked investors to judge useful-
ness, suitability and grade of information of eleven types of risk framing. The preferred 
format represents possible outcomes and risk by using a probabilistic approach: each pos-
sible outcome is linked to the likelihood of occurrence. On the contrary, formats focusing 
on gains or losses are not appreciated by agents. Appropriate graphical representations are 
powerful to debiasing decision processes. By employing simple illustrations of risk-return 
indexes, together with usual information, potential investors are able to assess risks more 
correctly, increasing the awareness of their choices (de Goeij et al. 2014). Moreover, pro-
viding understandable and standard risk indicators, it is possible to highlight similarities 
and differences across a set of securities.
Scientific evidence suggests that bodily responses (i.e.: electrodermal activity, heart 
rate, respiration rate and face temperature) may be employed to reveal implicit features of 
decision processes and to monitor decisors’ emotional state during decision making (Tieri 
et al. 2015; Ponsi et al. 2019). In particular, electrodermal activity is a widely employed 
index in decision theory (Dawson et al. 2011; Palomaki et al. 2013) and in fields of eco-
nomics like consumer and organizational sciences (Christopoulos et al. 2016).
The influence of cognitive processes on financial decision making is well established in 
the scientific literature (for an exhaustive survey see Frydman and Camerer 2016). These 
findings mainly relate with departures from rationality occurring at all levels in the econ-
omy, from households to CEOs. The psychophysiological processes affecting the invest-
ment decisions, particularly in relation to framing effects, are less investigated.
One of the goals of this paper is precisely to fill this gap in the literature. In particular, 
given the general framework above described, we consider two of the possible schemes 
of representation that can be employed to frame random performances of risky financial 
products. These are the What If (WI) and the Probabilistic scenario (PS) frames. Our aim 
is to investigate: (i) the impact of the two mentioned schemes on investors’ Sympathetic 
Nervous System (SNS) and (ii) the effects of time pressure on the frame choice, when 
frames are simultaneously presented. In particular, in this paper we analyze the behavioural 
and physiological indexes elicited in the decision-making process of investors who have to 
choose on the basis of the two different schemes previoulsy described.
As far as we know, this is the first scientific work in which the two above mentioned 
types of investment schemes are subjected to this type of analysis.
This work can be framed in the field of behavioral operational research, that is that part 
of operational research that considers human behavior and emotions when facing decision 
problems. Overall, given the two considered information schemes, this work aims at identi-
fying the one that can reduce stress and cognitive biases in the investment decision making 
process (Hämäläinen et al. 2013).
The rest of the paper is organized as follows. In Sect. 2 the What If and the probabilistic 
scenarios frames are discussed as methods to disclose the risk-reward profile of non-equity 
financial instruments. Section  3 presents the experiments, tools and methods. In Sect.  4 
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statistical models used in the analysis and the most relevant results are discussed. Section 5 
concludes.
2  Two schemes to disclose risk‑reward profile of non‑equity financial 
instruments
To disclose the essential and main characteristics of non-equity investment products to 
investors is one of the main driver for boosting the risk awareness of retail investors, during 
the decision making process.
After an active debate about the best frame to adopt to disclose information, a common 
view emerged among policy-makers, stakeholders and academics. This view is related with 
the awareness that the traditional use of narrative descriptions of the risks implied in finan-
cial instruments is no longer effective and, therefore, it would be better to use synthetic 
indicators or schemes which are immediately comprehensible and defined in relation with 
robust and objective quantitative metrics. However, it is not still clear which of the possible 
frames should be adopted for each characteristic disclosed (i.e.: indicators of risk, future 
performance representation and costs profile).
In the following, the two frames analyzed in this paper are briefly discussed: WI and PS 
schemes.
2.1  The what‑if frame
Generally speaking, the WI analysis refers to an intensive process of data simulation whose 
aim is to investigate the behavior of complex systems, such as the corporate business or a 
part of it, under specific hypotheses (Rizzi 2016). In this way, via simulation models pro-
viding a simplified representation of the phenomena, it is possible to measure how changes 
in a set of independent variables impact on some other dependent variables. Obviously, 
scenarios represent a hypothetical world and, hence, a partial reproduction of reality.
An appropriate procedure to implement the WI scheme requires:
1. To determine the factors on which scenarios should be constructed;
2. To determine the number of scenarios to be analysed for each factor, considering that a 
granular analysis would provide a more realistic view of the phenomenon, at the expense 
of a more difficult collection of information and differentiation of results;
3. To estimate the results under different scenarios.
In this respect, it is important not to confuse the WI representation scheme with the so-
called sensitivity analysis, which aims at assessing how sensitive the behavior of a system 
is to changes in one or more parameters. The application of the WI frame in finance is usu-
ally based on the formula used to determine the cash flows of a financial instrument and on 
assumptions about market conditions that could cause positive, neutral or negative results. 
Therefore, the WI method consists in calculating the expected return of a given product 
under particular hypotheses, and in answering the question: “How much could I get if some 
events occur?”.
According to the guidelines for the application of the WI approach, provided by the 
Committee of European Securities Regulators (CESR/10-1318), the main instructions are:
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• To build at least three scenarios of the potential performance of a financial product for 
illustrating how the pay-out works under different market conditions;
• To build scenarios under reasonable assumptions about expected future market condi-
tions;
• To assign different probabilities of occurrence to selected scenarios;
• To provide illustrative examples in the form of tables or graphs.
Furthermore, to avoid misunderstanding, scenarios should be accompanied by a statement 
clarifying that they are illustrative examples included only to describe the mechanism of 
how the cash flows are determined, and they do not represent a forecast of what might 
really happen.
2.2  The probabilistic scenario frame
The PS frame to disclose information is a risk-based method based on the possible returns 
at maturity of a risky financial instrument. In particular, it is built on three pillars and uses 
probabilistic tools to set out an objective methodology to measure and represent three syn-
thetic risk indicators that are useful for comparing and choosing among different products. 
The three pillars are:
1. Price unbundling and probabilistic scenarios;
2. Degree of ongoing risk;
3. Recommended investment time horizon.
The first pillar relies on two complementary tables, the financial investment and the proba-
bilistic scenarios tables respectively, representing the core information which is extracted 
from the risk-neutral density of non-equity products considered at two specific points in 
time: the issue date and the end of the recommended investment time horizon.
The second pillar highlights the degree of ongoing global risk: a synthetic indicator 
summarizes the overall riskiness of the product throughout the full period spanned by its 
recommended time horizon. To this end, by analyzing the simulated trajectories of the 
value, it is possible to measure its volatility. With the third pillar, it is possible to obtain a 
recommendation about the holding period of the securities, formulated in relation to their 
specific financial structure and regime of costs.
In this paper we focus on the first pillar. In particular, following the implied probability 
distribution of financial products and by properly selecting a certain number of reference 
thresholds, some key events that could be relevant for retail investors are identified. The 
number of events to be disclosed allows an effective reading of the main statistical features 
of the distribution (e.g. multimodality and asymmetry). To each event are associated its 
relative probability of occurrence and absolute indicator of performance. All the data is 
collected in a table providing a synthetic representation of the probability distribution of 
payoffs at the end of the recommended time horizon.
In the case of non-equity products, the expected value at maturity can be calculated using 
closed-form formulae in a Black and Sholes setting. However, for most financial products, the 
calculation of the expected value at maturity requires the preliminary determination of the dis-
tribution of the “price at maturity” which can be obtained by using Monte Carlo. According to 
Minenna (2011), an appropriate procedure to use the PS scheme requires:
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1. To simulate the risk-neutral distribution, fST of the financial product S at maturity T;
2. To consider all risk factors (elementary components) and the most appropriate models 
to measure them;
3. To consider the invested capital and all the implied ex ante and ex post costs;
4. To consider the return at maturity of a not defaultable asset BT;
5. To apply the so called “superimposition technique”;
6. To link each scenario (absolute monetary value) to a probability of occurrence;
7. To represent scenarios with tables by using a predefined template.
Referring to the superimposition technique, this is used to obtain the partition of the probabil-
ity distributions of returns. Percentiles are fixed and identified by exploiting the information 
extractable from the risk-neutral probability distribution and in the not defaultable asset, the so 
called Reference Financial Asset (RFA) described by the process 
{
Bt
}
t∈[0,T]
.
Then, the superimposition technique allows to identify three main scenarios: negative 
return which is lower than the invested capital C, neutral return which is in line with RFA 
return and positive return above the RFA return. Each category is linked to the associated 
probability of occurrence and to the absolute value (i.e. the conditional expected return of 
each partition) synthesizing the returns achievable in each scenario. Both the probability den-
sities of the RFA and non-equity returns are calculated in a risk-neutral world.
In the implementation of the PS approach, the value of 훼 is set at the 97.5 percentile. In 
formal terms, this means that: Pℚ
[
CBT ≤ 훼
]
= 97.5 , where Pℚ is the risk-neutral probability, 
C is the invested capital in the RFA, whose value at the maturity T is BT.
It is interesting to remark here that, by using this identification criterion, the reference 
thresholds are automatically anchored to changes in the position and dispersion of RFA prob-
ability distribution. Consequently, these thresholds objectively reflect changes in the volatility 
of the interest rates and in the overall market conditions. Considering the obtained 훼 value and 
picking it from the distribution at maturity T of the non-equity product, the neutral and posi-
tive performance scenarios could be set as all the trajectories respectively below 훼 but up to 
the amount C, and above the threshold 훼 . As far as negative performances are crucial for an 
investment decision, the notional capital C is used as threshold to identify losses. Finally, the 
mean values at the end of the recommended period T are calculated as follows.
– Negative performance:
  Eℚ
(
ST |ST < C
)
=
1
Pℚ
(
ST < C
)
∫ C
−∞
xfST (x)dx.
– Neutral performance:
  Eℚ
(
ST |C ≤ ST < 𝛼
)
=
1
Pℚ
(
ST |C ≤ ST < 𝛼
)
∫ 𝛼
C
xfST (x)dx.
– Positive performance:
  Eℚ
(
ST |ST ≥< 𝛼
)
=
1
Pℚ
(
ST |ST ≥ 𝛼
)
∫ +∞
𝛼
xfST (x)dx.
3  The experiment: tools and methods
Forty-one volunteers took part in the study (nineteen males; age mean ± SD, 31.805 ± 
9.73). All the participants were naive as to the purposes of the experiment, and gave their 
written informed consent to take part in the study.
Participants were comfortably seated in front of a rectangular table of 120 × 75 cm., and 
watched a full HD monitor placed on the table at a distance of ≈ 60 cm from their eyes.
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The experiment was implemented by homemade software developed in Unity 5. It con-
sisted in two different two-choice tasks where the participants were required to make finan-
cial decisions by using a mouse with their dominant hand.
The first task (Task 1) consisted in 22 trials (11 WI frames and 11 PS ones, respec-
tively) presented on the PC monitor in a pseudo-randomized order across participants. For 
each trial, two different financial products were displayed by using the same representation 
scheme (WI or PS frame).
It is important to remark here that one out of these two financial products always sto-
chastically dominates (II order) the other one, representing the financial asset that should 
be selected by risk-averse expected-utility maximizers individuals, those characterized by 
increasing and concave utility functions.
Participants were asked to make their choices by taking all the time they needed (Fig. 1 
shows an example of trial of Task 1). After each choice, the trial disappeared and, after 8 s 
of a white screen, the next trial automatically started.
The second Task (Task 2) was the perceptual one. It consisted in the presentation of 22 
trials in which the characteristics of a single financial product are displayed by means of 
the two different frames, i.e. WI and PS schemes. It is worth to remark here that partici-
pants were asked to choose as fast as possible the preferred scheme (Fig. 2 shows an exam-
ple of trial of Task 2). No right or wrong responses were involved in this task. This strategy 
allowed us to investigate participants’ preferences for WI or PS frame.
In each trial of both Tasks, participants made their decision by using a PC mouse and 
clicking on one of the three gray buttons placed in the lower part of the screen (left and 
right circle button meaning left or right choice, rectangle button meaning “I don’t know”) 
(see Figs. 1 and 2). For each decision, the software recorded: (1) the Reaction Time (RT), 
i.e. the time occurring between the presentation of the stimulus and the decision; (2) the 
Accuracy (ACC), only in Task 1, i.e. the correctness of the decision and (3) the Frequency 
of Choice, only in Task 2, i.e. the number of times in which WI or PS were selected.
During Task 1, participants’ electrodermal activity (EDA) was acquired (see Sect. 3.2 
for further details).
Participants were asked to read the instruction of the experimental protocol, while the 
experimenter mounted the EDA electrodes over their hands.
Fig. 1  Example of trials in which participants were asked to make a decision; Single trial of Task 1 repre-
senting WI and PS schemes
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3.1  Stimuli
To implement the 11 trials for each of the two analyzed frames, 22 financial instruments 
were identified. In particular, we selected subordinated bonds with 7 years maturity 
and annual fixed coupons. All the securities were characterized by different contractual 
characteristics, i.e.: issuer rating; coupon rate and repayment of principal. Each bond 
was priced using standard financial models. The parameters were calibrated on market 
data. In particular, the WI tables have been obtained by chancing the main risk factors 
characterizing the selected financial instruments, that is the issuer’s default date and the 
recovery rate. Under the WI frame, the expected return of the bond was calculated using 
the deterministic Internal Rate of Return.
The construction of the tables grounded on the PS frame was obtained by consider-
ing two risk factors, that is the interest rate and issuer’s default risk.
To model the interest rate dynamics, the Hull and White single factor model (Hull 
and White 1990) was implemented. The main parameters of the model were estimated 
by minimizing the distance between observed market prices and theoretical ones. The 
latter were computed on a trinomial tree (Hull and White 1994, 1996).
The issuer’s default risk was estimated by using the binomial tree model proposed 
by Jarrow and Turnbull (1995), while the default probabilities have been extracted from 
CDS market quotes for different maturities.
To apply the superimposition technique, a 7-year sovereign bund issued by Germany 
was selected as a RFA security.
Finally, the pairs of securities to be included in the first trial have been identified by 
applying II order stochastic dominance criteria, to obtain an ordering of preferences for 
a rational risk averse investor (Castellano and Cerqueti 2013, 2016).
Fig. 2  Example of trials in which participants were asked to make a decision; Single trial of Task 2 includ-
ing a single security and the two schemes
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3.2  Electrodermal activity
To measure the skin Electrodermal Activity (EDA) during Task 1, we used the AD-
Instruments PowerLab 8/35 and ML116 GSR (Galvanic Skin Response) Amplifier (pro-
viding a 75  Hz AC excitation and automatic zeroing) devices to amplify the signals. 
Specific GSR sensors consisting of two bipolar finger electrodes were placed on the 
non-dominant hand to record EDA. The signal was sampled at 1  KHz and recorded 
using LabChart 7 (AD-Instruments, Inc.) software. The trigger signals were sent to the 
AD-Instruments amplifier at stimulus onset, participant’s response, and stimulus offset 
by means of a TriggerStation (BrainTrends ltd., Italy). One participant was excluded 
from the sample because of a technical problem that occurred during the electrodermal 
activity recording. The EDA analysis was thus performed on a sample of 40 participants.
EDA data pre-processing and analysis were carried out using the Matlab-based tool-
box LedalabⓇ V3.4.9 (Leipzig, Germany—www.ledal ab.de). Data were down-sampled 
at 10 Hz (Lajante et al. 2012) and then analyzed by the method of Continuous Decom-
position Analysis (Benedek and Kaernbach 2010), which allows to extract stimulus-
related sympathetic activity by decomposing the EDA signal into separate phasic (fast) 
and tonic (slow) components.
To determine Skin Conductance Responses (SCRs), a threshold criterion of 0.01 μ S 
was chosen. Among many indexes, Continuous Decomposition Analysis (CDA) allows 
to compute a stimulus-locked Integrated SCR (ISCR, SCR multiplied by the size of 
response window; mean μ S × second). In particular, ISCR represents the time integral 
of the phasic driver within the response window. Since ISCR allows the integration of 
both spatial and temporal dimensions of SCRs, it is considered an unbiased and time-
sensitive measure of sympathetic activity in response to each stimulus. Individual ISCR 
data were normalized through z scores. In order to derive information about changes 
from the baseline, ISCRs were extracted for both the 5 s window starting 1 s after the 
stimulus onset (post-stimulus ISCR) and the 0.3 s window (as in Tieri et al. 2015) before 
stimulus onset (pre-stimulus ISCR). For each trial, ISCR delta scores ( ΔISCR) were 
computed by subtracting pre-stimulus ISCR (our baseline) from post-stimulus ISCR.
4  Results
In this section the results of the experiments composed of the two-choice above men-
tioned tasks are presented.
4.1  Task 1: behavioural responses—reaction times and accuracy
During Task 1, that is the one in which participants are asked to make a financial deci-
sion under the PS and WI frames, mean Reaction Time (RT) and Accuracy (ACC) 
were calculated for each trial. The collected data were analyzed by using a two-tailed 
paired sample t-test. Results show that participants were faster in making investment 
decisions under the PS schemes (Mean ± SE, 23.72 ± 2.07  s) compared to WI ones 
( 28.87 ± 2.3 s): t(40) = 5.53 , p < 0.001.
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Moving to the analysis of ACC, it can be observed that participants took more accu-
rate financial decisions in PS trials (67 ± 0.02% ) compared to WI ones (33 ± 0.02%) : 
t(40) = −10.09 , p < 0.001.
These results suggest that the adoption of PS frame made participants more accurate 
and faster with respect to the WI representation.
In order to provide more robust results, a multilevel mixed log-linear regression analysis 
was performed (Panasiti et al. 2018; Ponsi et al. 2017a, b). The applied models belong to 
the family of Linear Mixed Models (LMM) or Mixed Effects Models (Pinheiro and Bates 
2000) which were estimated by using the lme4 package (Bates et al. 2015).
Indeed, LMM are suitable for: (a) analyzing hierarchical data structures (i.e., in which 
not all levels of a categorical factor co-occur in all levels of another categorical factor); 
(b) analysing the entire data set (not just the mean observations for each participant and 
condition), to better evaluate the variations of data usually left out in analysis of variance 
(ANOVA)-style analyses; (c) accounting for the non-independence of observations with 
correlated error; (d) separately treating the effects caused by the experimental manipulation 
(fixed effects) and the ones that were not (random effects) (Pinheiro and Bates 2000). The 
log-likelihood ratio statistics are asymptotically approximated to a 휒2 distribution to com-
pute the p value (Pinheiro and Bates 2000).
Since RT is a continuous variable, we implemented a linear mixed model (as in Liuzza 
et al. 2017) where RT is the dependent variable, while the two-value categorical independ-
ent variable (i.e. WI or PS) is the frame. Participants entered into the model as a random 
factor, while the fixed effect of each possible frame is modeled as random slope over par-
ticipant (Barr et al. 2013; Ponsi et al. 2017a, b, 2016).
By using this approach we found a main effect of frame 
(
𝜒2 = 20.115, p < 0.001
)
 the 
PS scheme allows participants to make faster decisions with respect to the WI one. This 
result is showed in Fig. 3.
In reference to the financial decisions accuracy (ACC), it is worth to highlight here that, 
in the experiment, it represents a binomial variable ( 0 = incorrect, 1 = correct), so a mixed 
log-linear regression is employed. Hence, as before for RT, in this case ACC is treated as a 
dependent variable while all all the rest remains unchanged.
Results show a main effect of frame on ACC ( 𝜒2 = 70.64, p < 0.001 ): the PS informa-
tion scheme allows participants to be more accurate with respect to the WI one (see Fig. 4).
Furthermore, we investigated on the role of age (age mean ± SD, 31.805 ± 9.73), gen-
der (19 male, 22 female) and education (ranging from 13 to 22 years of education, years 
mean ± SD, 17.38 ± 3.08) in the decision process. Differently from the previous analysis, 
we implemented a linear mixed model in which RT is the dependent variable and frame, 
age, gender and education are the independent ones.
By using this model, we found a main effect of gender ( 𝜒2 = 5.68, p < 0.05 ), a two-
way interaction between age and gender ( 휒2 = 4.84 , p < 0.05 ), and gender and education 
( 휒2 = 6.27 , p < 0.05 ). The main effect and the two-way interactions are qualified by a 
three-way interaction among age, gender and education ( 휒2 = 5.87 , p < 0.05 ). We focused 
on the triple interaction and we also tested its simple effects in a regression model, includ-
ing also random effects (Ponsi et al. 2017a). The simple slopes for the association between 
education and reaction times were tested for low (− 1 SD below the mean, < 22.32 years), 
mean (32 years) and high ( + 1 SD above the mean, > 41.68 years) levels of the continu-
ous variable (age) and for the two levels of the categorical variable (gender). The analysis 
showed that in the case of older ( +  1 SD above the mean, > 41.68 years) male partici-
pants there is a significant relationship between education and reaction times ( b = 12.675 , 
SE = 4.59 , t = 2.76 , upper CI = 21.68 , lower CI = 3.675 , see Fig.  5). The same 
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relationship is also significant in the case of younger (− 1 SD below the mean, < 22.32 
years) male participants ( b = −13.90 , SE = 4.47 , t = −3.09 , upper CI = −5.035 , lower 
CI = −22.56 ). The other combinations age mean/male ( b = −.56 , SE = 2.68 , t = −0.21 , 
upper CI = 4.70 , lower CI = −5.82 ) , age -1 SD /female ( b = −2.44 , SE = 3.39 , t = −0.72 , 
upper CI = 4.19 , lower CI = −9.08 ), age mean/female ( b = −3.83 , SE = 4.68 , t = −.82 , 
upper CI = 5.34 , lower CI = −12.99 ) and age +  1 SD /female ( b = −5.21 , SE = 8.75 , 
t = −0.595 , upper CI = 11.94 , lower CI = −22.36 ) do not entail significant effects.
Fig. 3  Predicted values of reac-
tion time when considering the 
scheme as main effect. Error 
bars indicate 95% confidence 
intervals. RT (s) = reaction time 
measured in seconds
Fig. 4  Predicted values of 
financial decision accuracy when 
considering the main effect of 
scenario. Error bars indicate 95% 
confidence intervals
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In particular, the three-way interaction shows that the more older male participants are 
educated, the more they need time in order to take a financial decision (see Fig. 5, right-
sided panel, green slope). The exact opposite behavioral pattern is true for younger male 
participants: the more they are educated, the more they take fast financial decisions (see 
Fig. 5, right-sided panel, red slope).
We also checked the role of age, gender, and education for ACC and ΔISCR, but no sig-
nificant main effects or interactions were found.
4.2  Task 2: behavioural responses—reaction times and frequencies of choices.
During the Task 2, the mean Frequency of Choices (FC), i.e. the number of times in which 
participants choose WI or PS schemes, and the associated RTs, were calculated for each 
trial and analyzed by using a two-tailed paired sample t-test. The analysis showed that par-
ticipants have chosen the PS representation significantly more often (67 ± 0.02% ) com-
pared to the WI one (33 ± 0.02%) : t(40) = −10.09 , p < 0.001.
The one-sample proportions (one-sided) test confirmed this results ( 휒2 = 2.91 , p < 0.05).
Looking at RT, no significant difference was found when comparing the mean RTs 
related to WI and PS schemes, 11.25 s and 10.24 s respectively: t(31) = −1.39, p < 0.17.
By using a linear mixed model (as in Liuzza et al. 2017) in which the continuous vari-
able RT is the dependent variable and the choice between WI and PS is the categorical pre-
dictor, no main effect was found ( 휒2 = 2.78 , p > 0.05) , showing that participants take the 
same amount of time in choosing the preferred scheme between PS and WI.
In order to check the role of age, gender and education in explaining the RTs associated 
to choices taken during Task 2, we implemented a linear mixed model in which RT is the 
dependente variable and frame, age gender and eduation are the independent ones.
By using this model, we found a main effect of gender ( 휒2 = 4.91 , p = 0.03 ) which 
was qualified by a two-way interaction between gender and education ( 휒2 = 5.39 , 
p = 0.02 ). We focused on the double interaction and we also tested its simple effects 
in a regression model (including also the random effects) (as in Ponsi et  al. 2017a, 
b). The simple slopes for the association between education and reaction times were 
Fig. 5  Predicted values of finan-
cial decision reaction time when 
considering the three-way inter-
action among age, gender and 
education. Shaded bands indicate 
95% confidence intervals. RT 
(s) = reaction time measured in 
seconds. (Color figure online)
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tested for the two levels of the categorical variable (gender). The analysis showed that 
in the case of female participants there is a significant relationship between education 
and reaction times ( b = 0.77, SE = 0.37, t = 33.27 , upper CI = 1.50 , lower CI = 0.037 , 
see Fig.  6). The same relationship is not significant in the case of male participants 
( b = −0.32, SE = 0.46, t = 33.23 , upper CI = 0.59 , lower CI = −1.23).
In particular, the two-way interaction shows that the more female participants are 
educated, the more they need time in order to make a choice between WI and PS (red 
slope in Fig. 6). The effect of education on RTs is not present in male participants (blue 
slope in Fig.  6). We also checked the role of age, gender, and education in explain-
ing the choices of financial frames but no significant main effects or interactions were 
found.
4.3  Electrodermal activity
During Task 1, the ISCR delta scores ( ΔISCR) were calculated for each trial under the 
influence of both frames, WI and PS. The collected data were analyzed by using a two-
tailed paired sample t test. The analysis of ΔISCR showed that the electrodermal activ-
ity elicited by the PS scheme was significantly lower (Mean ± SE, −0.09 ± 0.21 s) than 
the one elicited by the WI one (0.09 ± 0.21  s): t(39) = 2.65 , p < 0.011 . This finding 
suggests that financial decisions under the PS representations induce lower sympathetic 
activity in the participants than the WI ones.
To confirm this result, since the ISCR delta score ( ΔISCR) represents a continuous 
variable, a linear mixed model was implemented in which ΔISCR is the dependent vari-
able and frame is the independent one.
In this case, we found a main effect of frame ( 𝜒2 = 6.27, p < 0.05 ): financial deci-
sions under the PS scheme induce lower sympathetic activity in participants (see Fig. 7).
Fig. 6  Predicted values of choice 
reaction time when considering 
the two-way interaction between 
gender and education. Shaded 
bands indicate 95% confidence 
intervals. RT (s) = reaction time 
measured in seconds. (Color 
figure online)
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5  Concluding remarks
In the present study, we implemented two different experimental tasks, namely financial 
and perceptual decision tasks, to explore the impact of WI and PS scheme on inves-
tor’s behavior and peripheral nervous system activity. Results obtained from the finan-
cial decision task (Task 1) suggest that PS scheme leads participants to be more rapid, 
accurate (as indexed by RT and ACC) and less stressed as indexed by (ΔISCR) than 
WI, which in turn brought about both less rapidity and accuracy and a greater degree 
of stress when taking a decision. This evidence suggests that PS might help investors in 
making correct financial choices (according to II order stochastic dominance criteria) 
and highlights, for the first time, a direct indication of the positive influence of the PS 
on investor’s behavior and physiological reactivity. Moreover, results obtained from the 
perceptual decision task (Task 2) show that PS were largely preferred by participants 
( 67% ) than WI scheme ( 33% ). However, we also observed that trials in which partici-
pants preferred the WI frames instead of PS ones, were those in which the probability of 
a negative return was greater than 50% (signaled by the red pie chart) and the probabil-
ity of a positive return was less than 50% (signaled by the green pie chart). These results 
could be explained by the fact that PS clearly alerted investors on too risky securities, so 
they ended up choosing the WI scheme. However, further investigations are needed in 
order to better understand the hierarchy of the perceptual factors in affecting investor’s 
behavior. It is important to note that, due to the exploratory nature of the present study, 
we tested only a small sample of participants ( n = 41 ) for validating the experimen-
tal method and to obtain a sensitive measure of behavioral and physiological indexes 
induced by PS and WI schemes. The preliminary results obtained in relation to gender, 
age and education need to be further investigated by analyzing a larger and more rep-
resentative sample of participants. Thus, an important future direction of this research 
will be to test a larger and stratified sample (according to the Italian National Statis-
tics Institute—ISTAT—ranks), in order to better understand the influence of individual 
Fig. 7  Predicted values of 
ΔISCR (z scores) when con-
sidering the main effect of the 
frame. Error bars indicate 95% 
confidence intervals ΔISCR = 
delta scores of the integrated skin 
conductance response
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anagraphic and social factors on the decision-making process and the related psycho-
physiological activity.
Finally, another promising future development is to combine the present experimental 
paradigm with new technologies, such as immersive virtual reality (Vecchiato et al. 2015a, 
b; Jelić et al. 2016; Tieri et al. 2018), which allows to simulate a real-like external environ-
ment (i.e. a bank), in order to investigate how environmental factors, including the gender 
of the person selling the financial instrument, affect investor’s behavior and physiological 
reactivity.
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